Abstract: An adaptive complex network based on a susceptible-exposed-infectious-quarantine-recovered (SEIQR) framework is implemented to investigate the transmission dynamics of an infectious disease. The topology and its relations with network parameters are discussed. Using the primary outbreak data from the SEIQR network model, a regression model is developed to describe the relation between the quarantine rate and the key epidemiological parameters. We approximate the quarantine rate as a function of the number of individuals visiting communities and hubs, then incorporate it into the adaptive complex network to investigate the disease transmission dynamics. The proposed quantity can be estimated from the outbreak data and hence is more approachable as compared to the constant rate. Our results suggest that contact radius, hub radius, number of hubs, hub capacity and transmission rate may be important determinants to predict the disease spread and severity of outbreaks. Moreover, our results also suggest that during an outbreak, closing down certain public facilities or reducing their capacities and reducing the number of individuals visiting communities or public places, may significantly slow down the disease spread.
PUBLIC INTEREST STATEMENT
It is known that diseases have a substantial impact on a social community. Understanding the spread of infectious diseases is an important key to efficiently manage them. Normally, prevention and handling of infectious diseases show the overall effects on humans and society. The proposed quarantine rate by considering the factors involved social interactions obtained from the Poisson regression equation can be used as parameter of the SEIQR network model. The results presented here may help epidemiologist and researchers to gain better insight into the transmission dynamics of infectious disease, identify key factors influencing the disease transmission, and design possible ways to reduce number of infected individuals and control the further spread of the disease.
Introduction
Thousands of people have died because of the spread of epidemics such as influenza, SARS, malaria and as was the case of the last Ebola epidemic in the countries of West Africa (Hethcote, Zhien, & Shengbing, 2002; Khalil, Abdel-Aziz, Nazmy, & Abdel-Badeeh Salem, 2010) . The economics plays an important role in the prevention of the epidemic outbreak. For example, in the countries of West Africa, the destruction of health structures and the almost non-existent health system due to the impoverishment of the majority of the population were the main reasons for the outbreak.
Isolation and quarantine are implemented as control measures when the outbreak has reached high epidemic levels. Vaccination is one of the effective methods to control infectious diseases (especially in the endemic areas) if vaccine is available, but vaccines are not free and states have to pay a lot of money to get sufficient recourses of vaccines. In underdeveloped countries, this cost is oftentimes not affordable. Treatment is normally given to symptomatic individuals to reduce infection and hence transmission (Day, Park, Madras, Gumel, & Wu, 2006) .
Quarantine is the control measure used to separate and restrict the movement of individuals who are not displaying symptoms and may have been exposed to the disease or had physical contacts with infected individuals (Agarwal & Bhadaurial, 2013; Gumel et al., 2004) . It had been shown that quarantine of certain individuals is a vital strategy that can control the outbreaks due to the effective reduction of contacts between susceptible and diseased individuals (Castillo-Chavez, Carlo-Garsow, & Yakubu, 2003; Chowell, Fenimore, Castillo-Garsow, & Castillo-Chavez, 2003; Chowell et al., 2004; Gumel et al., 2004; Yan & Zou, 2008 ).
Mathematical modelling has been as a useful tool for studying disease transmission to gain a better understanding of diseases and help design control strategies (Anderson & May, 1992; Gerberry & Milner, 2009 ). Bondy, Russell, Lafleche, and Rea (2009) studied the impact of community quarantine on SARS transmission in Ontario by estimating the secondary case count difference and number needed to quarantine individuals based on actual data from the 2003 Ontario, Canada, SARS outbreak. Secondary case count difference (SCCD) that reflects reduction in the average number of transmissions arising from a SARS case in quarantine, relative to not in quarantine, at onset of symptoms was estimated. They found that SCCD was approximately 0.133, estimated using Poisson and negative binomial regression models (with identity link function). The inverse of this term representing the number needed to quarantine suggested 7.5% of exposed individuals to be quarantined in community to prevent one additional case of transmission in the community. Safi and Gumel (2011) proposed a mathematical model for the transmission dynamics of an infectious disease subject to the quarantine, isolation and imperfect vaccination. Then, numerical results suggested that the singular use of a quarantine/isolation strategy could possibly lead to the effective disease control if its effectiveness level is moderately high enough. Roy (2012) proposed a mathematical model of the hand, foot and mouth disease to investigate the transmission dynamics and the effectiveness of quarantine analytically. The results showed that the disease can be controlled by quarantine of more actively infected individuals. Dobay, Gabriella Gall, Daniel Rankin, and Bagheri (2013) extended the standard SIR model by adding two quarantine categories of susceptible and infected individuals. They explored the efficiency of quarantine strategies in relation to the carrying capacity of the facility under the assumption that the quarantine rate is proportional to the amount of spare rooms inside the quarantine facility.
It is believed that human contact which is the main route of transmission of many infectious diseases can be graphically represented by complex networks (Albert & Barabasi, 2002; Newman, 2003) . As the structures of networks reflects the epidemiology, the contact structures of the population and the efficacy of intervention strategies (House, Davies, Danon, & Keeling, 2009 ) and the contact networks have thus become a valuable tool to model the propagation of infectious diseases, and have been used widely over the last decade (Danon et al., 2011; Hai, Small, & Xin-Chu, 2009; Moore & Newman, 2000; Newman, 2002 Newman, , 2006 Pastor-Satorras & Vespignani, 2001; Small & Tse, 2010; Zhang & Wang, 2010) . Consequently, several types of computer-generated idealized networks have been constantly proposed for studying the disease transmission. Each type of network can be distinguished from the others in the way in which the vertices are distributed on space and the vertices are connected.
The most popular types of networks used to investigate the disease transmission include random networks, lattice networks, small-world networks, spatial networks and scale-free networks. In random networks, the spatial positions of vertices are generally irrelevant, and each individual represented on the networks as a node is connected to either a fixed number of randomly chosen vertices or any of the other nodes with certain probability (Bollobás, 1985) . In lattice networks, vertices are located on a regular grid of points and adjacent nodes are relatively connected. Consequently contacts between individuals on the lattice are localized in space (Keeling & Eames, 2005) . Random networks generally have low clustering and short path lengths, while lattice networks have high clustering and long path lengths. Hence, it normally takes several steps to move from one node to another on the lattice networks. Small-world networks possess the characteristics of high clustering and short path lengths by adding a small number of random long-range connections to lattice networks (Keeling & Eames, 2005; Watts & Strogatz, 2002) . Due to the long-range connections, in small-world networks, infection may reach all parts of the lattices relatively quickly as compared to lattice networks themselves. In spatial networks, individuals are positioned within the given area and two individuals within a given area are connected with a probability depending on their distance (Keeling & Eames, 2005; Read & Keeling, 2003) . Scale-free networks have a Poisson degree distribution and can be constructed dynamically by adding new nodes to a network one by one. This mechanism can be used to imitate one of the natural features of social contacts such that a newcomer normally prefers to socialize with other individuals who are popular or equivalently have large numbers of contacts. This leads to forming of a super-spreader that plays a critical role on the disease transmission (Albert & Barabasi, 2002) .
For the epidemic networks, vertices of a network represent individuals while edges describe contacts among them. The degree of a node in a network denotes the number of edges connected to the node, or simply the number of contacts of the individual. Diseases are transmitted from infected individuals to susceptible individuals from node to node. Each node is subjected to an individual's disease status; for example, it is either susceptible to or infected by the disease. According to the disease transmission, susceptible nodes that are linked to infected nodes through edges can become infected with a certain rate. It is believed that interactions in a human society can be expressed by dynamic social networks and such networks have been useful for studying and understanding many epidemiological problems.
Previous studies have examined the quarantine and isolation strategies. Several studies have considered a constant or proportional quarantine rate (Castillo-Chavez et al., 2003; Day et al., 2006; Hethcote et al., 2002) and have not considered factors influencing the outcome of quarantine. However, some papers have considered the influence of adaptive and non-constant quarantine rates to the epidemic dynamics (e.g. Bloem, Alpcan, & Basar, 2009; Moghadas & Murray, 2006; Reppas, Tsoumanis, & Siettos, 2010) . In reality, the quarantine rate undoubtedly changes through time via the number of contacts as the efficacy of quarantine procedures normally increases during an outbreak and declines after. Here we take this aspect into account by examining the quarantine rate which is not constant. We examine the epidemiological parameters that can affect the outcome of quarantine by developing an SEIQR epidemic network model and determining a quarantine rate as a function obtained from statistical analysis of epidemiological data.
The SEIQR network model with regression-fit quarantine rate is developed to examine the spread of disease within populations by incorporating human contact behaviour and interactions between human and communities in this paper. In our network model, there are two types of nodes, ordinary and hub nodes, both of which are linked by dynamic links and that leads to the adaptive social network of human and societies. The rest of this work is organized as follows. Section 2 introduces our SEIQR model and its stability analysis. In Section 3, the method for constructing the adaptive social network with a constant quarantine rate is presented together with the investigation of network parameters on the disease transmission. In Section 4, Poisson regression analysis for quarantine rate is demonstrated and its effects on short and long outbreak periods of the disease are investigated. Conclusions and discussion are given in Section 5.
The SEIQR model and stability analysis
In this part, we modify the general SEIQR model (Gerberry & Milner, 2009 ) to incorporate interactions among individuals and interactions between individuals and public places. The human population (N) is categorized into five groups: susceptible (S), exposed (E), infected (I), quarantined (Q) and recovered (R). Hence, the total population size is N
(t) = S(t) + E(t) + I(t) + Q(t) + R(t).
Next, we introduce two variables of S h and I h for public places or hubs to represent the number of uncontaminated and contaminated hubs, respectively. In this model, we make the following assumptions:
• Susceptible individuals are recruited into the population by births or migration at a constant rate A.
• Susceptible individuals enter the exposed class when they make contact with the individuals in the infectious stage at a rate . The transmission is assumed to be density-dependent. Hence, the force of infection from infectious individuals is I.
• The infected hubs can spread the disease to some visiting susceptible people at rate
The force of infection from infected hubs is defined by
• Exposed individuals become infectious after an incubation period 1∕ .
• Infected individuals either recover naturally at a rate or are immediately removed to the quarantine class at a rate .
• Quarantined individuals remain in the quarantine class until they are no longer infectious and acquire immunity. Hence, it is assumed that they enter the recovered class at a rate .
• The natural death rate of individuals is .
• We make an additional assumption that individuals who are exposed to the disease can become immune to the disease (Tiantian & Yakui, 2013 ) at a rate .
• A susceptible hub becomes an infected hub if at least one infected individual visits the hub. The force of infection from infectious people on the susceptible hub is defined by (S h )I where (S h ) is defined by:
• An infected hub will recover and will rejoin the susceptible class if no infected individual has visited such infected hub for infectious period. The force of recovery from susceptible hub on the infected hub is given by h I h .
The size population of each individual group varies with time according to the following SEIQR model:
whereas the disease dynamics of public places (or hub nodes) can be described by
(1)
(S h ) = 1 if I visits S h , 0 otherwise.
From Equations (3) and (4),
In this work, we assume that the total population and the number of public places are fixed. 
Next, we introduce a vector X with new arrangements of disease classes:
The infected population includes individuals from E, I, I h and Q classes in our case. The disease-free equilibrium arranged according to X is described by
Let ̂ be the m × m matrix of infected individuals through various diseased compartments which is 
If R 0 < 1, X 0 is locally asymptotically stable or the disease dies out, and if R 0 > 1, X 0 is unstable or the disease is present.
The SEIQR network model with a constant quarantine rate
To investigate the disease transmission that mimics social human activities by taking into account interactions between humans and humans and between humans and communities, we propose an adaptive social network model based on the SEIQR framework. The network consists of N p ordinary nodes (people) and N h dynamic hub nodes (public places) with connecting links within a unit square region. On the network, ordinary nodes represent individuals or groups of individuals, while hub nodes represent public facilities such as schools, hospitals and shopping centres. The nodes are located in the unit square randomly with the constraints that the distance between any two hub nodes (ordinary nodes) is greater than d hmin (d min ) and the distance between a hub node and any ordinary node is greater than d homin . The use of the minimum distances between different nodes is to ensure that the nodes do not get too close.
To describe the neighbourhood contact between individuals (ordinary nodes), each ordinary node is connected to its surrounding nodes provided that the distance between them is less than its contact radius R c . Let N i be the set of neighbouring nodes of the node i with connections to i, then we have N i = {j|d ij < R c } where d ij is the distance between nodes i and j. As the hub nodes are used to represent public facilities, they may be visited by different nodes (individuals) at different time up to certain amount. To describe this nature, the links from individuals to the hubs should be dynamic and each hub node is equipped with two parameters, contact radius R h and the hub node capacity C h . The hub node contact radius is used to define the contact region,
) is the coordinate of the hub node, within which every node may be connected to the hub; while the hub node capacity refers to the number of links between the hub node and the ordinary nodes within the contact region. The links between the hub node and ordinary nodes vary with time randomly to reflect the dynamic feature of social networks. Obviously, If R c = √ 2, it is a homogenous uniform mixing network in which every node has N − 1 edges (degree) and each node connects to all the other N − 1 nodes. Otherwise, it is a heterogeneous network in which the degree of each node is the number of its neighbours with connection to it. For the network with hubs, N h > 0, we have an adaptive network. A numerical algorithm has been developed to construct the dynamic network and examine its various properties.
The SEIQR ordinary differential equation model as mentioned in Section 2 is based on the assumption that the population is fully mixed, namely the infected individuals have equal chance to contact other individuals and that all contacts transmit the disease with the same probability. Obviously, these assumptions are oversimplified in real life. However, the network model can remove these assumptions as the infected individuals transmit the disease with a certain probability to those who only link to it. In our simulation, there are 1,000 nodes including nine hub nodes and the others are people nodes. Moreover, people nodes are categorized into 20 communities and randomly located in a unit square. A single node belongs to one community and it is allowed to visit any one hub per time. Any people nodes in a contact radius R c of each node are neighbours of such node. In meanwhile, any node in a hub radius has opportunity to visit hub at an instant time. The numbers of edges linked to each hub then varies according to time.
As the network parameters play an important role in describing the topology of the network, we investigate the impact of them on the network and the disease spread according to: (1) properties of ordinary nodes by focusing on a contact radius: (2) properties of hub nodes including hub contact radius (R h ), number of hubs (N h ), hub capacity (C h ), and (3) properties of a disease by focusing on a transmission rate.
Network analysis on a contact radius
Firstly, we investigate the influence of neighbourhood contact radius, R c , the topology of the network. Figure 1 shows three different topologies for part of the network corresponding to three different contact radius values, 0.05, 0.07 and 0.09. The network with a higher contact radius leads to more contacts with other nodes. Figure 2 shows the effects of varying the contact radius on the average degree. It can be clearly seen in Figure 2 that, as the contact radius increases, the average degree increases. The effect of contact radius on the degree distribution of the proposed network is also investigated for various values of the contact radius. Figure 3 shows a plot of degree distribution for various contact radius R c values. The peak value of degree distribution of network with smaller contact radius is higher than network with larger contact radius. It indicates that the average degree of a network is higher for a larger contact radius.
As human contact is an important mechanism of the disease transmission, we investigate the influence of contact radius on the disease transmission. For d min < R c < √ 2, the influence of R c on the transmission of diseases is shown in Figure 4 . As the contact radius decreases, the peak value of infected population decreases significantly and the time when the peak value occurring prolongs. The length of contact radius affects the severity through the number of infected people and the epidemic time.
Network analysis on properties of hub nodes
Since transmission between contaminated public places and individuals is taken into account in the model apart from transmission between individuals, we can additionally investigate the influence of hub parameters on the disease transmission. In addition, as hubs are used to represent public facilities, and the number of hubs and hub parameters can be controlled in the control of disease Notes: Blue-susceptible, Green-exposed, Redinfected, Violet-quarantine, and Yellow-recovered. transmission, it may be useful to gain a better insight into how they influence the transmission dynamics of the disease. Figure 5 shows the network topology with nine hubs used for numerical analysis.
The number of hubs and the hub node parameters also has significant influences on the network properties. Figure 6 shows the network structures at three different times (t = 15, 20 and 25 days) for the adaptive network with contact radius R c of 0.06, hub radius R h of 0.30 and hub capacity C h of 15 visitors per day. Disease statuses of individuals and the links between individuals, communities and public places change over time. At 15 days after a few infected individuals are introduced, all nodes are still susceptible, while at 20 days there are some nodes becoming exposed or infected. At 25 days, some of the nodes which are exposed or infected recover. It is also noted that a change of the visiting probability per day leads to change in the node-hub links of the network. Tables 1 and 2 show the effects of the number of hubs and hub contact radius on the average degree (nodal contact Notes: Blue-susceptible, Green-exposed, Redinfected, Violet-quarantine, and Yellow-recovered.
Notes: Blue-susceptible, Green-exposed, Redinfected, Violet-quarantine, and Yellow-recovered.
number). The results suggest that as the number of hubs and hub contact radius increase, the average degree increases. Figure 8 shows the influence of the number of hubs, while Figures 9 and 10 show the influences of hub capacity and hub contact radius on the transmission of diseases on the SEIQR network with transmission probabilities β of 0.004 and β΄ of 0.004 from an infected node to a susceptible node, and from infected hub to a visiting susceptible node, respectively. The reduced hub number, hub capacities and/or hub contact radius may significantly influence the disease 
transmission, including reducing the peak value of infected population and prolong the occurring of the peak value.
Network analysis on properties of a disease by focusing on a transmission rate
There are many factors affecting the spread pattern of infectious diseases. Among those factors, transmission rate plays an essential role for the disease transmission. Herein, effects of the transmission probability are explored. Figure 11 shows the effect of the transmission probability of the disease spread on the network for the visiting probability of 0.05. The results show a faster spread of the disease and the higher number of infected individual for a higher transmission probability following that individuals with a higher transmission rate have more chance to catch the disease. To investigate the effect of transmission rate, we vary the value of from 0 to 1, while keeping other parameters the same as in Table 3 . The results, given in Figure 12 , show that the proportion of infected individuals increases dramatically for between 0.1 and 0.4. 
The SEIQR network model with a regression-fit quarantine rate
In this section, we investigate the quarantine rate as a function of the network parameters, in comparison to the constant quarantine rate. The formula for the quarantine rate is developed by the statistical method.
Starting from an initial state, nearly all nodes are set to be susceptible and for a few nodes are set to be infectious. The disease status of each individual node evolves in time depending on its previous state and the connections with other individuals in different disease statuses. Five dynamic processes occur on the network. The first dynamic process is the transmission of disease from infected to susceptible individuals leading to the change of status of some susceptible individuals to exposed individuals (S to E). Then the probability for each of these nodes to change its status from S to E is , and a random process is used to determine the status of these nodes. The second dynamic process is the change of status of the exposed individuals to infected nodes, which is done after being exposed 1∕ time steps. The third dynamic process is the change of infected individuals from status I to Q after being infected for 1∕ time steps. The fourth dynamic process is the change of quarantined and infected individuals (Q or I) to the recovered status (R) following the infectious period of 1∕ and 1∕ time steps, respectively. Lastly, the fifth dynamic process is the change of exposed individuals (E) to the recovered status (R) after being exposed 1∕ time steps.
Throughout the numerical study, it is assumed that S(0) = 987, E(0) = 0, I(0) = 4, Q(0) = 0 and R(0) = 0. Parameters used in the network model are described in Table 3 .
One of the most important aims for studying disease transmission is to find the possible ways to limit the disease outbreak through control strategies such as isolation, quarantine and vaccination. In real practice, the quarantine rate is often unknown. In this study, we aim to propose the formula for this important quantity based on the available network data and statistical methods. 
Poisson regression analysis for quarantine rate
Poisson regression is widely used to model count data: for instance, insurance data, health care data (Ismail & Zamani, 2013) . In our analysis, we use the primary data obtained from the SEIQR network model with a constant quarantine rate to investigate the association of the number of quarantined individuals per time, the number of individuals visiting communities, and the number of individuals visiting hub or public places. In statistical analysis, the outcome is the number of quarantined individuals (nq) which is a count variable. The predictor variables of interest are the number of individuals visiting communities (nc) and the number of individuals visiting public places (nh). As our observations are non-negative integers and not over-dispersed, negative binomial and zero-inflated Poisson regression models may not be suitable. For this work, the quarantine rate is estimated using Poisson regression with log link function.
In Figure 13 , apart from the regression coefficients, we obtain the standard error, z-value, and p-values. If the statistical significance of a coefficient displayed by p-value is less than 0.05, it indicates that the predictor variables related to the coefficient has statistically significant effect on the outcome variable or the number of quarantined individuals. The result suggests that the number of individuals visiting communities and the number of individuals visiting public places per time during the outbreak are the significant predictors of the number of quarantined individuals during the outbreak.
We also investigate the overall impact of the number of individuals visiting public places (nh) by comparing the deviance of full model with the deviance of model excluding (nh). The output in Figure 14 expresses that the number of individuals visiting public places (nh) is a statistical predictor of the number of quarantined individuals (nq) and all predictor variables are significant when they were taken into the model as shown in Figure 15 .
Consequently, we determined the estimated regression equation as follows:
The above equation implies that (nq) is the exponential function of predictor variables (nc and nh):
Hence, the quarantined rate can be sufficiently estimated by (nq) in Equation (13) After obtaining the estimated quarantined rate as a function of the number of individuals visiting communities per time (nc), and the number of individuals visiting public places per time (nh), it is incorporated into the complex network model to investigate the transmission dynamics of the infection disease. Figure 16 demonstrates the proportion of individuals in each diseases status in comparison to the result obtained from the network model with the constant quarantine rate. The results imply that our proposed formula for the quarantine rate can be reasonably used to approximate the constant quarantine rate which may be difficult to acquire in real practice. Moreover, the formula also suggests that the number of individuals visiting communities and the number of individuals visiting public places may have the impact on the quarantine rate and consequently play a crucial role in designing a quarantine strategy. (12) log(nq) = −1.5688161 + 0.0042108 nc − 0.0079313 nh. 
Conclusions and discussion
It is believed that network models have an important role in providing a wealth of tools in gaining a better understanding into epidemiology of infectious diseases, predicting outcomes of the outbreaks and helping to design control strategies (Danon et al., 2011; Keeling & Eames, 2005 ). An adaptive social network based on the SEIQR model with regression-fit quarantine rate is proposed to investigate the transmission dynamics of a directly transmitted disease such as SARS or influenza. The proposed network is equipped with dynamic links between individuals, communities and public places to reflect realistic interactions in the human society. As a network can be characterized by a set of parameters such as a contact radius, the number of hub nodes and the hub node capacity, it may be important to understand how such parameters influence the transmission dynamics of a disease on the network. It is found that the hub capacity and the number of hubs among individuals affect the number of infected cases in the population. The higher the hub capacity, the higher the number of infected individuals. Our results also suggest that closing down certain hubs or reducing the capacity of certain hubs is one of the efficient ways to control the spread of an infectious disease. Moreover, we found that the larger contact radius leads to the higher number of infected individuals and the more severe outbreak. This result suggests that more isolated societies may have fewer infected cases and less severity of outbreak.
Quarantine is one of the effective means to control the spread of infectious diseases and is often implemented at the beginning of an outbreak. In general, it can be difficult to determine an appropriate quarantine rate proficiently or eliminate the disease. Hence, in this study, we investigate factors that influence the quarantine rate and approximate the quarantine rate as a function of such factors that are more attainable and easy to be quantified. To obtain the quarantine rate as a 
function of the number of individuals visiting communities and public places, we employ a Poisson regression model and conduct a statistical analysis. After incorporating the regression function of the quarantine rate into the network model, the proposed quarantine rate can fairly capture the transmission of the disease. However, as our rate is the function of two variables that can be relatively obtained from the data, the proposed function may be used to determine and may be a better representation of the quarantine rate. Generally, as people tend to go to communities or public places less often when they are infected, using our proposed rate may be able to capture this important feature of human behaviour while a constant one could not.
Last but not least, our findings also suggest that as it may not be feasible to quarantine a large population of individuals, promoting a strategy to decrease the number of individuals visiting communities and public places may be one of the effective ways to limit the quarantined cases and reduce resource usage. 
